Hybrid electric vehicles (HEVs) have proved a feasible option to reduce fuel consumption and emissions. Furthermore, energy management strategies (EMSs) play a pivotal role in the performance of HEVs. This paper presents a novel real-time EMS, namely fuzzy adaptive-equivalent consumption minimization strategy (Fuzzy A-ECMS), for a parallel HEV. The proposed EMS is formulated by combining the ECMS, which is derived from Pontryagin's minimum principle (PMP), with a fuzzy logic controller adjusting the equivalent factor (EF) based on the deviation between reference state of charge (SOC) and actual SOC for a better SOC trajectory. Improved fuel economy and SOC charge sustainability are the main control objectives. To test and verify the performance of the studied controller, comparative simulations of the Fuzzy A-ECMS and rule-based EMS, conventional SOC-based A-ECMS together with standard ECMS under different standard driving cycles and a real driving cycle are conducted via MATLAB/Simulink and AVL CRUISE. The simulation results show the feasibility and effectiveness of Fuzzy A-ECMS, yielding 0.46% to 5.91% reduction of fuel consumption and more stable SOC charge sustainability compared with the other three EMSs.
I. INTRODUCTION
The gradual decline in global crude oil sources and stringent emissions rules have caused the urgent demand for vehicles with better fuel economy along with less emissions [1] . HEVs are widely considered as one of the most promising solutions to achieve the goals for their high efficiency and low fuel consumption. The powertrain system of HEV generally contains two different types of components, internal combustion engine (ICE) and electric motor (EM), which makes it operate more efficiently and effectively. EMSs are of great significance as they determine the power split ratio between two different power sources, engine and battery, which could lead to a better fuel economy for HEVs compared to conventional vehicles. Many EMSs have been proposed by previous The associate editor coordinating the review of this manuscript and approving it for publication was Ailong Wu. researches. According to the method of algorithm implementation, EMSs are generally divided into two different categories: rule-based EMS and optimization-based EMS [2] , [3] . Rule-based EMSs, including deterministic strategies [4] - [6] and fuzzy logic strategies [7] - [9] , have been widely adopted in the HEV industry owing to their simplicity and capacity to carry out in real time. For example, Peng et al. presented an improved rule-based energy management algorithm by employing the dynamic programming (DP) which chooses the best actions for the engine in HEVs [5] . Montazeri et al. developed a multi-input fuzzy logic controller to improve the fuel economy for a power-split HEV and yielded reduced fuel consumption compared to conventional rule-based controller [8] . Denis et al. proposed a fuzzy logic-based blended energy management strategy fed with driving condition information and demonstrated the efficiency by simulations [9] . However, these strategies are developed based on the engineering experience and specific driving cycles, which makes it difficult to obtain near-optimal control outcome.
For the optimization-based EMS, it mainly focuses on the optimization of the powertrain control in order to achieve optimum performance. Considering the degree of optimization, global optimization-based EMS and online optimization-based EMS are the two main algorithms. DP [10] - [13] is the most representative global optimizationbased EMS. It calculates the global optimum solution among the whole driving cycle range based on Bellman's principle [10] . Although it cannot be applied online due to its heavy computational burden and strong dependence on the prior knowledge of the driving cycle, it works as the benchmark of other energy management strategies. An energy management algorithm for HEV was optimized by DP, giving consideration to energy losses and the efficiency during mode shift. A case study proved its effectiveness [11] .
Online optimization-based EMSs divide the global optimization problems into a series of local optimization problems in order to reduce the computational effort. The dispensability of future driving condition makes them work in real time [14] . The most popular techniques among them are PMP and ECMS. Model predictive control (MPC) [15] , [16] and machine learning (ML) [17] - [19] also gradually attract more attention and are applied to more researches in real-time energy management today. PMP minimizes a Hamiltonian function instantaneously throughout the driving cycle [20] - [22] . Stocker et al. utilized PMP to solve local optimization problems generated from a global optimal control problem, to minimize CO 2 emissions produced by vehicles [22] . MPC enables to work out the power-split ratio over the prediction horizon. Furthermore, in some specific driving conditions, with proper prediction settings, it is possible to achieve the fuel economy similar to DP by MPC-based EMS [15] . ML, one of the core technologies in artificial intelligence (AI) field, is a novel method emerged in EMS in recent years. Liu et al. proposed a reinforcement learning-based EMS for a hybrid electric tracked vehicle [17] . Wu et al. employed Q learning, a famous ML algorithm, to their EMS for a hybrid electric bus. Results demonstrated the achievement in fuel economy under unknown driving condition by comparing with DP-based strategy [18] .
ECMS is a more practical approach to implement online as it solves instantaneous minimization problems about cost index, which is represented as the cost function weighted by equivalent factors (EF). ECMS converts electricity consumption to equivalent fuel consumption calculated by EF, and the objective is to minimize the equivalent fuel consumption in every step [23] . Since ECMS shows its sensitivity to EF and fixed EF is unable to adapt to complex real driving conditions, many researchers have proposed adaptive ECMS (A-ECMS) based on the tuning of EF. According to the form of adjustment algorithm, the A-ECMS could be basically divided into three categories: the driving conditions predictionbased A-ECMS, the driving pattern recognition-based A-ECMS and the SOC-based A-ECMS. The concept of A-ECMS was first proposed by Musardo, and the EF adjustment algorithm is based on driving condition prediction [24] . Zhang et al. used chaining neural network to introduce a new velocity forecasting method, which was subsequently adopted for EF adaptation [25] . For the driving pattern recognition-based A-ECMS [26] , [27] , a number of typical driving patterns are derived from numerous historical driving data, and then the optimal EF for each typical driving pattern is calculated. During the actual driving conditions, the EF is adjusted along with the typical driving pattern being periodically recognized by the past driving data. SOC-based A-ECMS tunes the EF according to the deviation between actual SOC and reference SOC, to keep SOC near the reference value [28] , [29] . However, the previous EF adaptation approaches based on SOC feedback show weak robustness to sustain SOC under different driving conditions.
The main contribution of this paper is that a novel A-ECMS combined with fuzzy logic control, called Fuzzy A-ECMS, is presented to implement real-time energy management. It utilizes a new approach to tune the EF with the fuzzy logic controller, leading to a better SOC trajectory and stronger robustness as well as better fuel economy. The proposed Fuzzy A-ECMS is applied to a parallel HEV and is verified by the comparison with rule-based EMS, conventional SOC-based A-ECMS and standard ECMS under the driving cycle of the Worldwide Harmonized Light Vehicles Test Procedure (WLTC) and the New European Driving Cycle (NEDC) as well as a real driving cycle called Beihang Campus Shuttle Bus Driving Cycle (BCSBDC) with two different initial EF settings.
The remainders of this paper are organized as follows. Section II establishes a parallel HEV model with detailed information about the main components. Section III gives the implementation of the proposed Fuzzy A-ECMS as the realtime energy management strategy for parallel HEV. Then, the simulation is presented and the comparison results are analyzed in section IV. Finally, section V illustrates the conclusions.
II. HEV MODELING
In this section, the parallel hybrid powertrain configuration of the target HEV is displayed in Fig. 1 , where the engine, electric motor(EM), clutch, transmission and battery can be seen intuitively. The engine is a 4.5L four-cylinder diesel engine. The EM can work as both motor and generator, which makes mode switching more flexible. A dry clutch, in order to realize power splitting, is equipped between the engine and the EM, to determine which power is engaged. In the studied configuration, the AMT is located on the main drive shaft, providing a gear reduction to both the engine and the EM, which implies where the torque coupling occurs. According to the proposed powertrain configuration, five different working modes can be applied, which are: EM driving mode, engine driving mode, hybrid driving mode, driving charge mode and regenerative braking mode. Energy management strategies determine the torque split between the engine and the EM as the working mode switches, to realize better fuel economy. The basic parameters of the examined HEV are listed in Table 1 to Table 5 .
A. ENGINE MODEL
In this paper, the complex engine system is simplified to a static model based on experimental data and dynamic functions, since the research focus is not the dynamic characteristics of the engine. The engine fuel consumption contour map is shown in Fig. 2 . The transient engine fuel consumption rate can be demonstrated by (1), a function of engine speed and torque. The engine torque is determined by (2) .ṁ
, n e (t))
(1)
whereṁ f (t) is the engine fuel consumption rate, T e (t) is the engine torque, n e (t) is the engine rotational speed, p e is the effective piston pressure, V h is the engine displacement and i is the strokes.
B. ELECTRIC MOTOR MODEL
The static EM model, based on the EM efficiency contour map ( Fig. 3 ), is of great importance to the energy management strategies. The power consumption of EM can be expressed as a function of EM torque, rotational speed and efficiency, which is formulated in (3) and (4), for motor and generator use respectively. where P em (t) is the EM power, T em (t) is the output torque of EM, n em (t) is the EM rotational speed, η m (t) and η g (t) are the EM efficiency at the current speed and torque when EM operates as a motor and a generator respectively, which can be obtained by look-up table.
C. BATTERY MODEL
It is difficult to build a precise model of the power battery due to the influence of temperature, voltage, resistance, SOC, etc. In this paper, the Rint model, a widely applied internal resistance model, is adopted to simplify the battery model [30] . The equivalent electrical circuit is shown in Fig. 4 . The power equation of the battery can be described in (5) .
where P bat (t) is the internal battery power, P b (t) is the output power of the battery, I is the current, R in is the equivalent internal resistance, U oc is the open-circuit voltage, U t (t) is the terminal voltage.
In the battery, SOC is a significant indicator of power consumption and can be calculated by (7) based on Kirchhoff's voltage law.
where Q max is the nominal battery charging capacity.
D. TRANSMISSION MODLE
The studied HEV is equipped with a fifth-gear automatic transmission, which is closely linked to the fuel economy and driving comfort [31] , [32] . Here, neglecting the torsional and lateral vibration, the output torque and wheel rotational speed are formulated as:
where T out (t) and T in (t) are the output torque and input torque of the transmission, respectively, η t is the transmission efficiency, i t and i f are the gear ratio of the transmission and final drive, respectively, n ω is the wheel rotational speed.
E. VEHICLE LONGITUDINAL DYNAMIC MODEL
Since fuel economy is the main focus for energy management in this paper, only the longitudinal dynamics of the studied HEV are considered, ignoring the lateral dynamics, steering dynamics, etc. Therefore, firstly, the equation between the applied torque acting on wheels and the output torque of the engine, EM and brakes can be written as:
where T w , T e , T em , T b , are the applied torque acting on wheels, engine torque, EM torque and braking torque, respectively. T w can also be derived from (11) according to the longitudinal dynamics, assuming the HEV runs on a horizontal road [33] .
where F air , F rolling , F inertia are the air resistance, the rolling resistance and the acceleration resistance, respectively. C D is the aerodynamic drag coefficient, ρ d is the air density, A is the frontal area, v is the vehicle velocity, m is the vehicle mass, f r is the rolling resistance coefficient and δ is the correction coefficient of rotating mass.
F. DRIVER MODEL
To better implement the simulation of the studied EMS, a driver model, that determines acceleration and deceleration during driving, is formulated by the proportional-integral (PI) controller [34] , as shown in (12) and (13) .
where α(t) is the opening of the pedal, with a positive value representing acceleration and a negative value representing braking, Kp and Ki are the proportional and integral coefficient, respectively, v desired is the current target velocity, v actual is the actual velocity.
G. PHYSICAL MODEL
In order to obtain simulation results close to real driving condition, in this paper, a physical model with high fidelity is established in the AVL CRUISE software, which is known as an authentic vehicle simulation platform. The final HEV model is shown in Fig. 5 .
III. FUZZY ADAPTIVE-EQUIVALENT CONSUMPTION MINIMIZATION STRATEGY A. ENERGY MANAGEMENT PROBLEM FORMULATION
Energy management problems are regarded as optimal control problems, of which the focus is the optimal power distribution between the engine and EM, getting the minimum value of cost function and achieving the best fuel economy, with the satisfaction of a number of constraints. The cost VOLUME 7, 2019 function J e of energy management problems is formulated as:
where t 0 and t f are the start and end time of the driving cycle, respectively,ṁ f (T e (t) , t) is the actual engine fuel consumption rate and f(SOC(t f )) is a penalty function related to the final SOC.
Taking the actual operating characteristics of HEVs into consideration, the control variables and state variables of the optimal control problems should satisfy the following constraints.
where T e_min (n e (t)) and T e_max (n e (t)) are the lower and upper engine torque limits at current speed, respectively, n e_min is the lower engine speed limit, n e_max is the upper engine speed limit, T em_min (n em (t)) and T em_max (n em (t)) are the lower and upper EM torque limits at current speed, respectively, n em_min is the lower EM speed limit, n em_max is the upper EM speed limit, SOC l and SOC h are the lower and upper battery SOC limits, respectively.
B. EQUIVALENT CONSUMPTION MINIMIZATION STRATEGY
This paper presents a Fuzzy A-ECMS for real-time energy management, which is developed based on a local optimization control strategy, ECMS, an algorithm derived from Pontryagin's minimum principle (PMP), aiming to minimize the instantaneous equivalent fuel consumption. According to PMP, the optimal control decision u * (t) meeting the minimization of the given Hamiltonian function H(x * (t),u * (t), λ * (t),t) is one of the necessary conditions to get the minimum value of the cost function related to energy management problems [35] . The Hamiltonian function is given by (16) , which can be expressed as the sum of actual fuel consumption of the engine and the engine consumption converted from electricity cost.
where λ(t) is the co-state variable, which can be calculated as (17) by the co-state dynamics.
The SOC dynamics can be written as:
where E bat (t) is the battery energy. Substituting (18) into (16), the Hamiltonian function is rewritten as:
where H lhv is the lower heating value of the fuel, S(t) represents the EF of the ECMS. In order to maintain battery performance and extend battery life, SOC change is restricted to a small range, which implies that the open-circuit voltage and internal resistance remain basically unchanged. Consequently,λ (t) can be considered asλ (t) = 0. Therefore, λ(t) remains constant along the optimal SOC trajectory. Meanwhile, the optimal EF (S(t)) could be obtained if the optimal co-state λ(t) is known.
This paper associates EF with SOC deviation from the reference SOC for the sake of battery charge sustainability [25] , [36] . The value of EF could be approximated by (20) [37] , [38] .
where η em is the EM efficiency, η e is the engine efficiency, δ is the penalty factor and SOC(t)=SOC r -SOC(t), SOC(t) is the deviation between the reference SOC (SOC r ) and actual SOC (SOC(t)). When the value of EF is determined, the optimal torque distribution can be obtained by (21) .
where T e_opt and T em_opt are the optimal torque of engine and EM, respectively. 
C. EF ADJUSTMENT ALGORITHM
The value of EF, determining the power split ratio between the engine and the EM, is crucial to the optimization results of ECMS. This paper uses the iterative method to calculate the approximate optimal EF [39] . The prior knowledge of driving conditions is necessary for the calculation and two standard driving cycles are used for simulation.
With the optimal constant EF, an approximate global optimal result can be obtained, based on the prior knowledge of the driving cycle. However, in real-world conditions, it is not feasible to get the optimum control with a constant EF, due to the unpredictability of the driving conditions. In the previous researches, an adaptation law, which could be described in (22) , was adopted to adjust the EF, leading to an improved fuel economy compared to constant EF.
where S(k+1) presents the new value of EF in the next iteration, S(k) is the current EF, k p is the proportional gain of the feedback controller. Furthermore, researchers use the PI controller to improve the convergence of EF based on the aforementioned adaptation law. However, the unsatisfactory SOC charge sustainability is still a problem to the real-time control of HEV, which means a significant deviation between the actual SOC and the reference SOC still exists. Therefore, the EF adaptation law with stronger robustness based on SOC deviation is necessary to be employed to balance the battery SOC and enhance robustness. In view of this, considering the strong robustness of fuzzy controller, a new adjustment algorithm with fuzzy logic controller modifying EF as well as sustaining SOC is developed.
The fuzzy rule system shown in Fig. 6 is applied to calculate the EF adjustment based on the identification of current speed and SOC deviation. There are two inputs and one output of the proposed fuzzy logic controller. One input is SOC, the SOC deviation between the actual SOC and reference SOC, defined by seven membership functions (Positive Large, Positive Medium, Positive Small, Zero, Negative Small, Negative Medium and Negative Large). The other one is the current rotational speed of the engine, defined by five membership functions (High, Relatively High, Medium, Relatively Low and Low). The output is the EF adjustment based on the initial EF, which is defined by seven membership functions as SOC. According to the characteristics of the EF, more fuel energy will be consumed by increasing the value of EF, resulting in the growth of battery SOC. Conversely, more battery power will be consumed with a drop of SOC if the value of EF is reduced. And in the light of engine fuel consumption contour map, the engine works more efficiently in the mid-speed range, while less efficiently in the low-speed range and high-speed range. Consequently, the fuzzy logic rules are formulated based on relevant heuristic knowledge [40] . The basic control algorithm is that the engine works in the high-efficiency range as much as possible. Additionally, the engine provides additional power to recharge the battery when the SOC reaches its lower threshold. Furthermore, priority is given to motor drive when the vehicle is starting or at low speed.
The membership functions for inputs and output are shown in Fig. 7. Fig. 8 presents the output surface for the fuzzy inference system. The fuzzy rules between output and inputs are formulated in Table 6 . 
D. REAL-TIME ENERGY MANAGEMENT STRATEGY IMPLEMENTATION
Based on the aforementioned ECMS and EF adjustment algorithm, the Fuzzy A-ECMS, of which the framework is presented in Fig. 9 , is developed to implement real-time energy management for the parallel HEV.
The vehicle speed information is transferred from the HEV physical model to the driver model, and then the acceleration or brake pedal signal can be obtained. A driver intention recognition module as described in (23) is utilized to identify the overall torque demand of the transmission input axle according to pedal signal and the current speed deviation from target speed.
T acc_dem = α acc_pedal · T e_ max (n e (t))+T em_ max (n em (t))
where T acc_dem is the demand torque on the transmission input axle, α acc_pedal is the opening of the acceleration pedal and T e_max (n e (t)) and T em_max (n em (t)) are the maximum torque of the engine and the EM at the current rotational speed, respectively. Then, the proposed Fuzzy A-ECMS determines the instantaneous optimal torque split ratio based on the speed and demand torque information, with the adjustment of EF, which is the sum of the initial near optimal EF calculated by PMP and the output of the fuzzy logic controller.
For the battery charge sustainability, a practical regenerative braking method is used to balance the brake torque split to EM and mechanical brake. The EM works on regenerative braking mode while the brake pedal is depressed, and the torque split to it and mechanical brakes are given by (27) .
where T b_dem is the demand brake torque, α b_pedal is the opening of brake pedal, T b_max is the maximum overall brake torque acting on wheels, T em_max (n em (t)) is the maximum torque of EM at the current rotational speed, T em_reg (t) and T b_mec (t) are the torque output from the EM and brake torque acting on wheels from mechanical brakes, respectively. 
IV. SIMULATION VALIDATION AND RESULT ANALYSIS
After establishing the physical model of the parallel HEV in AVL CRUISE software, the real-time energy management controller, Fuzzy A-ECMS, which includes the basic ECMS module and a fuzzy logic controller to regulate the EF based on the SOC deviation, is formulated in MATLAB/Simulink, with the AVL CRUISE interface connecting it to the physical HEV model.
A. COMPARATIVE SIMULATION TEST
To evaluate the optimization performance of the studied control algorithm, simulations under two driving cycles of NEDC and WLTC are carried out. Fig.10 . and Fig.11 . show the torque distribution between engine and EM in two driving cycles, from which it can be observed that EM works more in starting condition and outputs torque to optimize the engine operating points. The engine works in a relatively small torque range and charges the battery while SOC is low, which contributes to the fuel economy and SOC sustainability. As we can see from Fig.12 . and Fig. 13 ., which represent operating points of engine and EM under different driving cycles, in the whole simulation period, the engine basically works in low fuel consumption rate areas, with the majority of the brake specific fuel consumption lower than 205 g/kwh, while EM works more frequently and more scattered, with most of the efficiency higher than 0.8. The low engine fuel consumption rate and high EM efficiency guarantee reduction in total fuel consumption of the hybrid powertrain system. For comparison purpose, the comparative simulation of the Fuzzy A-ECMS and other three real-time controllers, SOC-based A-ECMS, standard ECMS and rule-based EMS, is made under the driving cycles of NEDC and WLTC. To maintain a good performance of the electric power battery, the initial value of SOC is chosen as 0.6. The approximate optimal values of EF for ECMS, which are also determined as the initial EF for Fuzzy A-ECMS and SOC-based A-ECMS, are set as 2.9 and 2.84 in NEDC and WLTC, respectively, using iterative method. In real driving conditions, the initial EF can be selected as η em /η e [38] according to (20) .
It can be seen in Fig. 14. and Fig. 15 ., the actual velocity follows the target velocity well, with maximum velocity deviation of about 1.2 m/s for NEDC and 1.05 m/s for WLTC. Fig. 16 . and Fig. 17 show the battery SOC trajectories obtained by the three different EMSs under different driving cycles. In NEDC, the final SOC deviation of Fuzzy A-ECMS is 0.0019, which is slightly larger than the value of ECMS, 0.0003, but smaller than that of SOC-based A-ECMS, 0.0037. The maximum deviation between actual SOC and reference SOC of SOC-based A-ECMS among the entire driving cycle is 0.0259, followed by Fuzzy A-ECMS with the value of 0.0221, while ECMS generates the minimum value, 0.0167. The near optimal SOC trajectory of ECMS is based on the prior knowledge of driving cycle, while Fuzzy A-ECMS presents better performance in SOC charge sustainability, maintaining SOC deviation within a smaller range, compared with SOC-based A-ECMS.
In WLTC, Fuzzy A-ECMS presents a value of 0.0021 for the final SOC deviation, and the value of ECMS and SOCbased A-ECMS are 0.0001 and 0.0041, respectively. The maximum SOC deviation of Fuzzy A-ECMS throughout the driving cycle is 0.0213, which is the smallest value in the meanwhile, followed by that of ECMS and SOCbased A-ECMS, which are 0.0261 and 0.0333, respectively. The results substantiate the robustness of Fuzzy A-ECMS compared to conventional SOC-based A-ECMS with a more stable SOC trajectory, verifying the performance in improving SOC charge sustainability. Fig. 18 . and Fig. 19 . illustrate the EF adaptation behavior of the three EMSs under two driving cycles. It is clear that the VOLUME 7, 2019 EF of fuzzy A-ECMS fluctuates more frequently than that of SOC-based A-ECMS. This can be explained by the difference of EF adjustment algorithm -in other words, the EF of Fuzzy A-ECMS is adjusted according to the real-time SOC deviation and engine velocity, while the EF of SOC-based A-ECMS is modified periodically and based on the value of the previous step. For Fuzzy A-ECMS, when the value of SOC is larger than reference SOC, the EF decreases a certain range so that more electricity will be consumed to make SOC closer to reference SOC. Conversely, if SOC is below reference SOC, the EF increases to make more charge behavior. For SOCbased A-ECMS, the EF is tuned after a short period and based on the previous value, which causes a certain lag for the adjustment. According to the EF adjustment performance and data analysis, it can be concluded that the EF adaptation law of Fuzzy A-ECMS is more robust to adjust EF flexibly and achieves better SOC charge sustainability.
Furthermore, in order to evaluate the fuel economy of the proposed Fuzzy A-ECMS, a comparison with three other EMSs is presented in Fig.20 . and Fig. 21 . The SOC compensated fuel consumption is employed to make a fair comparative study. As we can see, in NEDC, the compensated fuel consumptions for Fuzzy A-ECMS, rule-based EMS and SOC-based A-ECMS are 12.583, 13.374 and 12.726, respectively. That is to say, Fuzzy A-ECMS shows 5.91% and 1.12% improvements in fuel economy over rule-based EMS and SOC-based A-ECMS, respectively. In WLTC, for the four EMSs mentioned above, the compensated fuel consumptions are 12.623, 13.396 and 12.88, respectively. The proposed Fuzzy A-ECMS improves fuel economy by 5.77% and 1.20% compared with rule-based EMS and SOC-based A-ECMS. In both standard driving cycles, the optimal ECMS works as the benchmark.
B. SIMULATION TEST UNDER A REAL DRIVING CYCLE
To verify the effectiveness of the proposed EMS under real driving cycles, the driving data on a real road condition is collected and fitted to a driving cycle. The route of Beihang Campus Shuttle Bus is chosen to be the target driving cycle taking into account the typicality of the driving conditions it contains, including typical suburban condition, highway condition and urban condition. Fig. 23 shows the final real driving cycle, namely Beihang Campus Shuttle Bus Driving Cycle (BCSBDC).
To better simulate the actual driving conditions, the initial EF is selected as 2.23 according to (20) , in which the η em is 87% and the η e is 39%. The initial value of SOC is chosen as 0.6.
It can be seen in Fig. 24 ., the actual velocity follows the target velocity well, with maximum velocity deviation of about 0.86m/s. Fig. 25 . shows the battery SOC trajectories obtained by the three different EMSs. The final SOC deviation of Fuzzy A-ECMS is 0.0039, which is slightly smaller than the value of SOC-based A-ECMS, 0.0049, and much smaller than that of ECMS, 0.0157. The maximum deviation between actual SOC and reference SOC of Fuzzy A-ECMS among the entire driving cycle is 0.0169, followed by SOC-based A-ECMS with the value of 0.0218, and ECMS generates the maximum value, 0.031. It is clear that ECMS cannot generate near optimal SOC trajectory when the initial EF is not set based on driving cycles. On the contrary, Fuzzy A-ECMS still presents better performance in SOC charge sustainability, maintaining SOC deviation within a smaller range, compared with SOC-based A-ECMS and ECMS. Fig. 26 . illustrates the EF adaptation behavior of the three EMSs under BCSBDC. It shows similar performance as in NEDC and WLTC.
Furthermore, as we can see, in Fig. 27 ., the compensated fuel consumptions for Fuzzy A-ECMS, rule-based EMS, ECMS and SOC-based A-ECMS are 12.864, 13.316, 13.208 and 12.923, respectively. In other words, Fuzzy A-ECMS shows 3.39%, 2.60% and 0.46% improvements in fuel economy over rule-based EMS, ECMS and SOC-based A-ECMS in real driving conditions, respectively.
V. CONCLUSION
This article aims to improve the fuel economy and the SOC charge sustainability of the parallel HEV, with the proposal of a novel real-time EMS, namely, Fuzzy A-ECMS. In this study, the ECMS, which is derived from PMP algorithm, is adopted in order to gain approximate optimal fuel economy under real-time driving conditions. For the SOC charge sustainability, an EF adaptation law is developed by utilizing fuzzy logic controller based on SOC deviation. Compared to rule-based EMS and conventional SOC-based A-ECMS, Fuzzy A-ECMS improves the fuel economy from 1.12% to 5.91% under NEDC and WLTC when the initial EFs are set as the optimal EF for ECMS, as well as shows stronger robustness in the SOC charge sustainability. Further, under real driving cycle, the proposed Fuzzy A-ECMS presents 0.46% to 3.39% improvements in fuel economy when the initial EF is not set based on prior knowledge of driving cycle, verifying the feasibility and effectiveness of the proposed Fuzzy A-ECMS under different conditions. In future research, we would like to explore the influence of driver factors and velocity prediction on the performance of energy management strategies. He is currently a Lecturer with the School of Transportation Science and Engineering, BUAA. His research interests include basic theory and scientific application of new energy vehicle power transmission systems, vehicle transmission and control, multigear automatic transmission, and gear fatigue life prediction. VOLUME 7, 2019 
